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Background: Atmospheric dispersion models (ADMs) may help to assess human exposure to airborne pathogens.
However, there is as yet limited quantified evidence that modelled concentrations are indeed associated to
observed human incidence.
Methods: We correlated human Q fever (caused by the bacterium Coxiella burnetii) incidence data in the Netherlands to
modelled concentrations from three spatial exposure models: 1) a NULL model with a uniform concentration distribution,
2) a DISTANCE model with concentrations proportional to the distance between the source and residential addresses of
patients, and 3) concentrations modelled by an ADM using three simple emission profiles. We used a generalized linear
model to correlate the observed incidences to modelled concentrations and validated it using cross-validation.
Results: ADM concentrations generally correlated the best to the incidence data. The DISTANCE model always
performed significantly better than the NULL model. ADM concentrations based on wind speeds exceeding threshold
values of 0 and 2 m/s performed better than those based on 4 or 6 m/s. This might indicate additional exposure to
bacteria originating from a contaminated environment.
Conclusions: By adding meteorological information the correlation between modelled concentration and observed
incidence improved, despite using three simple emission profiles. Although additional information is needed –
especially regarding emission data - these results provide a basis for the use of ADMs to predict and to visualize the
spread of airborne pathogens during livestock, industry and even bio-terroristic related outbreaks or releases to a
surrounding human population.
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MeteorologicalBackground
Airborne transmission of pathogens in the outdoor envir-
onment is characterized by dispersion by the wind (hori-
zontally and vertically). Such pathogens are either isolated
or clustered cells or spores, or cells or spores attached to
particulate matter or dust [1,2]. Well-known examples of
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unless otherwise stated.– The foot-and-mouth disease virus (FMDV)
(livestock): major outbreaks have occurred in
countries including the UK and France (1981) [3],
Italy (1994) [4], The Netherlands (2001) [5], and the
UK (2001 and 2007) [6,7].
– Coxiella burnetii (livestock), a highly pathogenic
agent causing Q fever in humans and animals.
Major outbreaks have occurred in countries
including Switzerland (1983) with 415 human cases
[8], the UK (1989) with 137 human cases [9], France
(1998–1999) with 73 human cases [10], Germany
(2005) with 331 cases [11], and The Netherlands
(2007–2010) with >4,000 human cases [12];l. This is an Open Access article distributed under the terms of the Creative
mons.org/licenses/by/4.0), which permits unrestricted use, distribution, and
al work is properly credited. The Creative Commons Public Domain
ublicdomain/zero/1.0/) applies to the data made available in this article,
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industrial sources). Major outbreaks have
occurred, for example, in France (2003–2004) with
86 human cases including 18 fatalities [13], Norway
(2005) with 56 human cases including 10 mortalities
[14], and the Netherlands (2006) with 31 human
cases [15].
– Avian influenza virus (livestock): outbreaks have
occurred world-wide [16];
– Bacillus anthracis (‘anthrax’): one described
outbreak occurred in the former Soviet
Union (1979) [17].
In the case of an early phase of a (future) pathogen
outbreak or release – generally related to (animal) indus-
tries or to bio-terrorism – it is, from a public and animal
health perspective and for economic reasons [18], neces-
sary to require insight in 1) the physical spatial spread of
the pathogen, 2) the population at risk, and 3) the con-
centrations (infectious dose) to which persons and/or
animals are exposed.
Traditional epidemiological spatial analysis techniques,
such as the attack rate analysis, are however only useful
for retrospective analyses and do not incorporate me-
teorological information [19]. Atmospheric dispersion
models (ADMs) – mechanistic models developed to
model the spread of particles and gasses spatially and
temporarily as a function of meteorological conditions
including wind speed and wind direction – may however
be instrumental to simulate the spatial spread of patho-
gens released from a known source. Currently, three
types of investigations using ADMs to simulate farm-to-
farm, human-to-human, farm-to-human, or industrial-
to-human airborne transmission may be distinguished:
(1) qualitative investigations, in which airborne spread
was modelled visually (e.g., [13,14,17,20]); (2) quantita-
tive investigations, in which modelled concentrations
were converted to doses and a quantitative microbial
risk assessment was elaborated using dose–response
models to calculate infection probabilities (e.g., [21,22]);
and (3) the development of emergency preparedness sys-
tems and decision-support systems to be used during fu-
ture outbreaks or releases (e.g., [23-25]). With respect to
points 1 and 2, airborne transmission was generally indi-
cated in case modelled concentrations near infected
farms or humans exceeded threshold values or if infec-
tion probabilities were non-zero.
However, to our knowledge no studies have been pub-
lished analysing the relationship between reported inci-
dence rates, and concentrations modelled by ADM,
using proper quantitative statistical measures. We wish
to answer the question: are meteorological models in-
deed useful to explain observed incidence rates or dis-
ease notifications, or could the observed data also beexplained by simpler models containing no meteoro-
logical information?
Therefore, we aimed at assessing quantitatively whether
ADMs improve the correlation between modelled concen-
trations and observed human disease incidence rates. We
used data from the large Q fever outbreaks in the
Netherlands [12], and correlated ADM concentration
levels to human disease incidence and compared these fits
to more simple concentration models that do not contain
meteorological information, namely 1) a model with a
spatially uniform concentration, and 2) a model with con-
centration levels proportional to distance from the source.
If the ADM concentration levels correlate better with
the human Q fever incidences than the concentration
levels of the simple models, we then conclude that ADMs
might be useful to predict and visualize the spatial and





Human case data have been made available by the
Municipal Health Services in the Netherlands at the six-
digit zip code level (PC6), i.e. street-level. Following [26],
we focused on three relatively isolated Q fever outbreak
areas where humans experienced exposure to C. burnetii
from a large dairy goat farm as unique source in 2009.
These areas include the Dutch provinces of Utrecht
(area A), Noord-Brabant (area B), and Limburg (area C)
[19,27] (Figure 1). The epidemic curves per week number
in 2009 are shown in Figure 2A, B and C. The specific
farms were classified as source in different investigations
based on bulk tank milk tests, reported abortion numbers,
epidemiological research, and a source detection method
[19,26-30].
Population density data
Population density data at the PC6-level (reference date
1 January 2010) have been made available by Statistics
Netherlands (CBS). The typical maximum distance be-
tween a C. burnetii infected farm and a case’s home
address is 5 – 10 km [19,26]. We therefore selected two
arrays of data: PC6’s up to 5000 m from the source, and
all PC6’s up to 10 km away (Table 1). Dutch legislation
allows using this case information for research purposes
if information is not traceable to individual patients. In
this case, consent of cases is not required. The case in-
formation can however not be made publicly available.
Farm data
Coordinates of the source farms have been made avail-
able by the Ministry of Economic Affairs (reference date
November 2009).
Figure 1 Q fever incidence map. Map of the Q fever incidence (per 100,000 inhabitants) in the Netherlands in 2009, and the location of the
three selected areas with their main source of exposure.
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Simple models
The simple concentration models include:
1) A NULL model with a homogeneous concentration
in space and time.
2) A DISTANCE based model with concentrations
proportional to the distance between residential
addresses of Q fever patients and the farms.Atmospheric dispersion model
An atmospheric dispersion model (ADM) is a mecha-
nistic model that calculates the physical dispersion of
particles and gasses over space and time as a function of
emission data and meteorological conditions. We used
the Operational Priority Substances Short Term model
(version 10.3.2), developed by the Netherlands National
Institute for Public Health and the Environment (RIVM)
(e.g., [31-34]). We considered particulate matter (PM10) to
be a substitute for C. burnetii. The atmospheric dispersionmodel takes into account both dry and wet deposition of
particles.
The OPS model requires hourly-based meteorological
data (temperature, relative humidity, wind speed, wind
direction, precipitation amounts, precipitation duration,
global/solar radiation, and snow cover status) as input
for the calculations. These data were retrieved from the
Royal Netherlands Meteorological Institute (KNMI) and
were determined at the meteorological stations. We
spatially interpolated these data to obtain values at farm lo-
cations (see Additional file 1: Text S1 and Additional file 2:
Figure S16, Additional file 3: Figure S17 and Additional
file 4: Figure S18 for a detailed description of the meteoro-
logical data preparation). Precipitation data was deduced
from precipitation radar images and was available at a 1
km resolution.
The output of the OPS-ST model consisted of hourly
averaged PM10-concentration matrices (250 m resolu-
tion), which we converted to period-specific (see next
section) averaged concentration maps. We normalized
the concentration values per PC6 to the maximum



























































































Figure 2 Epidemic curves and emission profiles. (A/B/C) Epidemic curves of the three selected areas in number of cases per week; (D)
lognormal emission profile of area C (lNormEpi), both as fit of the epidemic curve (dotted) and shifted 20.7 days back in time (solid); (E) steady-state
emission profile during 2009 (conYear, dotted) and steady-state emission profile during epidemic (conEpi, solid) in area C; (F) idem as emission profile
conEpi in subplot E, but with a threshold wind velocity of 4 m/s.
Table 1 Number of cases, number of inhabitants (including cases), incidence per 100,000 inhabitants, and number of
zip codes within 5 km and 10 km from the sources in areas A, B, and C
# Cases # Inhabitants Incidence per 100,000 # Zip codes
5 km 10 km 5 km 10 km 5 km 10 km 5 km 10 km
A 66 101 120,090 494,533 55 20 3,025 12,842
B 215 267 75,720 181,195 283 147 1,836 4,526
C 131 220 34,729 228,778 377 96 977 6,095
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source).
Emission profiles (ADM)
No data were available on the emission strength of C. bur-
netii. Therefore we defined three simple emission profiles
(Table 2):
A) Emission profile “conYear”: steady-state emission
strength during the entire period (year 2009)
(Figure 2E).
B) Emission profile “lNormEpi”: a lognormal emission
profile based on the epidemic curve per area, which
corresponds well with the lambing season at the
farms (Figure 2D).
C) Emission profile “conEpi”: constant emission
strength starting at the day of the 2.5% percentile
and ending at the day of the 97.5% percentile of the
lagged profile “lNormEpi” (Figure 2E), that is from
27 March to 5 July (area A), 23 February to 8 June
(B), and 6 February to 4 October (C).
Although the actual emission profiles will have been
much more complex, there is some biological justifica-
tion for the simple profiles. If one ignores wind direction
and meteorological conditions, then a steady-state emis-
sion profile is related to a steady-state exposure level.
A steady-state exposure seems plausible if goats were
shedding bacteria successively during a certain period
and/or the farm’s surrounding environment was con-
taminated as well – the inactivation rate of C. burnetii
is very low [35] - therefore leading to multiple sources.
A lognormal emission profile could be related to a
combination of processes: (1) a (very) short period of
high shedding occurred, leading to a normal epidemic
curve since the incubation period is distributed normal,
or to a lognormal epidemic curve as a result of the
normal-distributed incubation period in combination
with a contaminated environment; (2) the shedding rate
was time-dependent and followed a (log)normal curve,Table 2 Characteristics of the three simple emission profiles a
Name Type Period
conYear Constant [1-Jan-2009; 3
lNormEpi Lognormal: lagged 20.7 days back
in time (mean incubation period)
[1-Jan-2009; 3
conEpi Constant Area A: [21-Ma
Area B: [19-Fe
Area C: [11-Fepotentially leading to a lognormal epidemic curve if a
contaminated environment is considered as well.
In addition we considered four threshold wind speeds
for emission of C. burnetii, namely 0, 2, 4 and 6 m.s−1
(profiles V0, V2, V4, and V6 respectively). In the case
where the hourly wind speed at the farm was lower than
the threshold value, we assumed that bacteria would ac-
cumulate in the stable and would be released during the
next hour that the wind speed threshold was exceeded
(Figure 2F). The reason for this choice is that stables of
large dairy goat farms are very open to the outdoor en-
vironment; thus, pathogens deposited on stable floors
and surfaces can easily be aerosolized by strong enough




The dose–response relationship for infectious micro-
organisms like C. burnetii is given by (e.g., [36]):
pi ¼ 1− exp −κλið Þ ð1Þ
with pi being the probability of infection at PC6 i, κ be-
ing the single-hit probability of initiating infection, and
λi being the dose at PC6 i [number of pathogens]. Since
the observed overall incidence of Q fever during the
Dutch epidemic is relatively small (Table 1), we can
assume that the doses λ were relatively small too. Since
exp(λ) ≅ 1 + λ for small values of λ, equation [1] ap-
proaches a linear equation:
pi≅κ⋅λi ð2Þ
For each PC6 i we determined the number of cases ki
and inhabitants ni. Assuming that the probability of
infection p is equal to the incidence I, and that the
log-dose λ is proportional to the log-concentration,
one could test which concentration model (NULL,
DISTANCE, or ADM with the emission and wind speed
threshold configurations) gives the best fit to the incidences input for the ADM model
Comments
1-Dec-2009]
1-Dec-2009] Area A: μ = 3.1 weeks, σ = 0.20 weeks
Area B: μ = 2.9 weeks, σ = 0.25 weeks
Area C: μ = 2.9 weeks, σ = 0.29 weeks
Calculated with R function MASS∷fitdistr().
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where μ is the expected outcome, β0 and β1 are the
intercept and slope of the log-linear fit, and f(x) is the
concentration function. In order to fulfil the linear con-
ditions of equation [2], the slope should approximate 1
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and thus exp[β0] ~ κ.
For the NULL model, we defined f(x) = 1, for the
DISTANCE model f xð Þ ¼ r→−2, and for the ADM-models
f(x) is a function of a large set of meteorological equations.
Model comparison
To compare the performance of the NULL, DISTANCE
and ADM models we applied a cross validation test [37].
That is, for each of these models we randomly selected
2/3 of the number of PC6’s (training data) and estimated
the intercept (β0) and the slope (β1) of equation [3]. Sub-
sequently, we applied that linear model to the remaining
1/3 of the data (test data), predicted their outcome, and
calculated the residual deviances (δc) for each cross
validation test c. Finally, we calculated the total residual
deviance (dc), being the sum of the residual deviances.
We repeated this cross validation test 10,000 times, and
















with v = 10,000 and c = 1…v.
Finally, we compared the D-values of the different
concentration models by means of a two-sample t-test
with 5% significance.
Results
Mean total residual deviance (D)
Figure 3 and Table 3 show that in area A the ADM’s
with profiles conEpi-V0 and conEpi-V2 have the lowest
D (±7.8% lower than the NULL model). The DISTANCE
model has a 4.5% lower D than the NULL model. TheADMs with an annual constant emission profile (con-
Year) always performed worse than the DISTANCE
model; this corresponds well with the observed short
duration of the epidemic in this area (Figure 2A). The
ADMs with profile V6 performed approximately equal
to the NULL model. Increase of the selection radius to
10 km (Figure 4, Table 4) did not lead to major changes,
although the indexed D’s are lower. Note that D for the
conEpi-V0 model is significantly lower than that of the
conEpi-V2 model.
In area B, the results differ considerably compared to
area A. The D-values of all models, except for the ADM-
models with V6, are approximately 10% lower than that
of the NULL model. The differences in D between the
DISTANCE model and the ADM’s with V0,V2 and V4 are
small, but the model with conYear-V4 still performs sig-
nificantly better than the DISTANCE model (p < 0.05).
For the 10 km selection radius (Figure 4), the D-values
are ± 17% lower than that of the NULL model (ADM
V6-models not included). In this case, conEpi-V0 gives
the best performance, but the differences in D with
respect to the DISTANCE and ADMs with V0, V2 and
V4 remain small.
In area C the difference in D between the DISTANCE
and the NULL model is 11.5%, and all ADM’s (except
for lNormEpi-V6) performed better with a D of ± 16-23%
lower than that of the NULL model. The best perform-
ance is given by conYear-V2 (seeming to correspond
with the longer duration of the epidemic as depicted in
Figure 2C). Note that in general the ADM’s with
lNormEpi have the highest D, and that the ADMs
with conYear all result in relatively low D-values, even
with V4 and V6.
For the 10 km selection radius (Figure 4) the D-
values of all models improves compared to the NULL
model, but all ADM’s with V4 and V6 have a significantly
higher D than the DISTANCE model. The ADM’s with
profiles conEpi-V0 and conYear-V2 have the lowest
D-values.
Additional file 5: Figure S1, Additional file 6: Figure S2
and Additional file 7: Figure S3 show the ADM concen-
tration plots for all emission curves and threshold
wind velocities of areas A, B and C. Additional file 8:
Figure S4, Additional file 9: Figure S5, Additional file
10: Figure S6, Additional file 11: Figure S7, Additional
file 12: Figure S8 and Additional file 13: Figure S9
show the predicted versus observed incidence rates per
PC6 of areas A, B and C as a function of the selection
radii of 5 and 10 km. Additional file 14: Figure S10,
Additional file 15: Figure S11, Additional file 16: Figure
S12, Additional file 17: Figure S13, Additional file 18:
Figure S14 and Additional file 19: Figure S15 show the
geographical plots of the observed and predicted inci-
dence rates.
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Area C (max. distance= 5 km, Point model)
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Figure 3 D-values (5 km). D-values of the NULL, DISTANCE and ADM-models, relative to the D-value of the NULL model, based on all PC6’s
within 5 km of the source. The vertical black line represents the D-value of the DISTANCE model. The Roman numerals refer to groups of models
with a significantly equal D value (I = significantly lowest D-value; II = D significantly lower than those of I, etc.).
van Leuken et al. International Journal of Health Geographics  (2015) 14:14 Page 7 of 14Validation of the dose–response linearity
From equation [2] and [5] we inferred that ideally the
slope of the log-linear fits (β1 ) would approximate 1 ifthe overall doses were relatively low. In area A, this
boundary condition is met for the four best models (con-
sidering the 95% confidence interval) (Tables 3 and 4). In
Table 3 Five km results with mean total residual deviances (D) and each model’s ranked position
Area Model Emission V β0 (intercept) β1 (slope) D Position
μ 95% CI p* μ 95% CI p*
A ADM conEpi 0 −2.48 [−4.03;-0.94] 4.5E-03 0.99 [0.67;1.31] 9.9E-06 150.9 I
A ADM conEpi 2 −2.64 [−4.22;-1.07] 2.6E-03 0.90 [0.59;1.20] 1.8E-05 151.3 I
A ADM lNormEpi 0 −2.98 [−4.58;-1.37] 6.5E-04 0.91 [0.58;1.24] 1.0E-04 154.0 II
A ADM lNormEpi 2 −3.16 [−4.78;-1.54] 3.5E-04 0.81 [0.50;1.12] 1.6E-04 154.5 II
A ADM conEpi 4 −3.74 [−5.30;-2.17] 2.4E-05 0.58 [0.33;0.83] 2.0E-04 155.1 III
A DISTANCE - - −2.33 [−4.30;-0.35] 5.4E-02 0.59 [0.36;0.81] 8.8E-04 156.5 IV
A ADM lNormEpi 4 −4.37 [−5.93;-2.82] 6.2E-07 0.49 [0.24;0.74] 1.9E-03 157.8 V
A ADM conYear 0 −4.45 [−6.24;-2.66] 2.4E-06 0.60 [0.24;0.96] 1.2E-02 161.0 VI
A ADM conYear 4 −5.54 [−7.29;-3.79] 8.3E-09 0.31 [0.03;0.59] 7.6E-02 162.8 VII
A ADM conEpi 6 −5.74 [−7.19;-4.29] 3.6E-09 0.27 [0.05;0.49] 5.3E-02 162.9 VII
A ADM conYear 2 −5.33 [−7.28;-3.39] 2.4E-07 0.39 [0.04;0.75] 8.5E-02 163.8 VIII
A NULL - - −7.51 [−7.80;-7.21] 0 - - - 163.9 VIII
A ADM lNormEpi 6 −6.19 [−7.67;-4.70] 1.4E-11 0.19 [−0.02;0.40] 1.5E-01 164.0 VIII
A ADM conYear 6 −6.75 [−8.44;-5.06] 4.6E-12 0.11 [−0.13;0.36] 4.1E-01 165.1 IX
B ADM conYear 4 −1.24 [−2.25;-0.24] 4.7E-02 0.74 [0.57;0.90] 2.6E-11 264.1 I
B DISTANCE - - −2.00 [−2.79;-1.20] 2.1E-03 0.72 [0.57;0.88] 2.6E-12 265.0 II
B ADM conEpi 0 −1.89 [−2.72;-1.05] 4.8E-03 0.85 [0.67;1.04] 3.1E-12 265.5 II
B ADM lNormEpi 0 −2.01 [−2.83;-1.19] 3.0E-03 0.84 [0.65;1.02] 5.5E-12 266.1 III
B ADM conEpi 2 −1.88 [−2.78;-0.98] 3.9E-03 0.78 [0.60;0.96] 5.7E-11 267.0 IV
B ADM lNormEpi 2 −1.94 [−2.82;-1.05] 4.2E-03 0.77 [0.59;0.95] 3.7E-10 267.3 IV
B ADM conYear 0 −1.62 [−2.51;-0.73] 2.9E-02 0.84 [0.66;1.02] 2.9E-11 268.4 V
B ADM lNormEpi 4 −2.14 [−3.09;-1.18] 3.7E-04 0.64 [0.47;0.81] 5.9E-10 268.4 V
B ADM conEpi 4 −2.36 [−3.31;-1.42] 6.0E-05 0.59 [0.43;0.76] 5.9E-09 270.6 VI
B ADM conYear 2 −1.56 [−2.51;-0.61] 4.4E-02 0.77 [0.59;0.94] 7.1E-11 270.8 VI
B ADM conYear 6 −3.01 [−4.05;-1.98] 7.6E-06 0.40 [0.25;0.55] 2.8E-05 281.9 VII
B ADM conEpi 6 −4.52 [−5.22;-3.82] 5.4E-23 0.18 [0.09;0.28] 1.7E-03 288.2 VIII
B ADM lNormEpi 6 −4.52 [−5.28;-3.75] 1.1E-22 0.18 [0.08;0.28] 4.5E-03 289.2 IX
B NULL - - −5.86 [−6.03;-5.70] 0 - - - 294.1 X
C ADM conYear 2 1.17 [−0.01;2.35] 0.11 1.27 [1.03;1.51] 1.7E-15 156.2 I
C ADM conEpi 2 0.99 [−0.24;2.21] 0.18 1.22 [0.97;1.46] 1.7E-15 159.8 II
C ADM conYear 6 −0.25 [−1.36;0.86] 0.54 0.86 [0.66;1.05] 6.6E-13 160.0 II
C ADM conYear 4 0.00 [−1.19;1.19] 0.61 0.94 [0.73;1.16] 1.4E-12 160.4 III
C ADM conEpi 0 1.21 [0.17;2.26] 0.10 1.35 [1.13;1.57] 3.9E-19 161.0 III
C ADM conYear 0 1.13 [0.07;2.18] 0.15 1.34 [1.11;1.56] 4.7E-18 162.8 IV
C ADM lNormEpi 4 0.20 [−1.15;1.55] 0.58 0.97 [0.73;1.21] 2.7E-11 167.1 V
C ADM conEpi 4 −0.06 [−1.42;1.29] 0.57 0.91 [0.67;1.15] 1.1E-10 168.6 VI
C ADM lNormEpi 0 0.97 [−0.11;2.05] 0.22 1.31 [1.08;1.53] 2.5E-17 169.0 VI
C ADM lNormEpi 2 0.55 [−0.74;1.84] 0.45 1.13 [0.88;1.39] 2.7E-13 169.0 VI
C ADM conEpi 6 −0.52 [−1.72;0.69] 0.42 0.78 [0.58;0.98] 1.8E-10 170.5 VII
C DISTANCE - −0.28 [−1.39;0.82] 0.39 0.98 [0.77;1.20] 1.2E-11 180.3 VIII
C ADM lNormEpi 6 −1.81 [−3.08;-0.54] 0.02 0.57 [0.37;0.76] 1.7E-06 187.9 IX
C NULL - −5.58 [−5.79;-5.37] 0.00 - - 203.8 X
*Italic p-values for β0 and β1 indicate p ≥ 0.05.
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Figure 4 D-values (10 km). Idem as Figure 3, but based on all PC6’s within 10 km of the source.
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majority of the models. These results support a linear
dose response relation.Discussion
In the current study, we correlated observed Q fever in-
cidence numbers to modelled averaged concentrations
Table 4 Ten km results with mean total residual deviances (D) and each model’s ranked position
Area Model Emission V β0 β1 D Position
μ 95% CI p* μ 95% CI p*
A ADM conEpi 0 −1.97 [−3.04;-0.89] 2.0E-03 1.11 [0.91;1.30] 2.0E-14 273.4 I
A ADM conEpi 2 −2.04 [−3.15;-0.93] 1.5E-03 1.03 [0.84;1.22] 3.3E-14 276.8 II
A ADM lNormEpi 0 −2.27 [−3.36;-1.18] 2.8E-04 1.07 [0.87;1.28] 9.7E-14 278.2 III
A ADM lNormEpi 2 −2.32 [−3.45;-1.20] 2.1E-04 1.00 [0.80;1.19] 8.5E-14 280.1 IV
A ADM conEpi 4 −2.77 [−4.01;-1.52] 7.0E-05 0.79 [0.60;0.97] 1.3E-10 288.0 V
A DISTANCE - - −1.18 [−2.48;0.12] 2.2E-01 0.75 [0.61;0.89] 1.1E-11 291.6 VI
A ADM conYear 0 −3.19 [−4.37;-2.01] 4.7E-07 0.91 [0.69;1.12] 5.3E-10 292.0 VI
A ADM lNormEpi 4 −3.33 [−4.58;-2.09] 1.6E-06 0.72 [0.53;0.90] 4.9E-09 292.3 VI
A ADM conYear 2 −3.97 [−5.30;-2.63] 3.2E-08 0.72 [0.50;0.94] 1.3E-06 301.8 VII
A ADM conYear 4 −4.44 [−5.83;-3.06] 3.9E-09 0.57 [0.37;0.77] 3.0E-05 304.6 VIII
A ADM conEpi 6 −5.45 [−6.81;-4.09] 2.3E-10 0.41 [0.22;0.60] 1.0E-03 309.1 IX
A ADM lNormEpi 6 −5.90 [−7.28;-4.52] 1.8E-12 0.34 [0.15;0.52] 4.5E-03 312.5 X
A ADM conYear 6 −6.02 [−7.51;-4.54] 3.5E-13 0.33 [0.13;0.52] 1.4E-02 313.5 X
A NULL - - −8.50 [−8.74;-8.26] 0 - - - 316.2 XI
B ADM conEpi 0 −1.48 [−2.10;-0.86] 3.1E-03 0.96 [0.83;1.08] 1.4E-32 391.7 I
B DISTANCE - - −1.63 [−2.23;-1.04] 8.1E-04 0.81 [0.70;0.91] 8.0E-33 393.1 II
B ADM lNormEpi 0 −1.57 [−2.18;-0.97] 2.4E-03 0.95 [0.82;1.07] 9.4E-34 393.5 II
B ADM conEpi 2 −1.29 [−1.95;-0.64] 8.7E-03 0.92 [0.79;1.04] 4.5E-30 395.1 III
B ADM lNormEpi 2 −1.34 [−1.99;-0.69] 9.3E-03 0.91 [0.79;1.03] 2.2E-31 395.5 III
B ADM conYear 4 −0.86 [−1.63;-0.09] 7.4E-02 0.82 [0.70;0.93] 1.7E-27 397.4 IV
B ADM conYear 0 −1.13 [−1.78;-0.47] 4.3E-02 0.96 [0.83;1.08] 1.5E-32 398.0 IV
B ADM lNormEpi 4 −1.55 [−2.26;-0.84] 6.3E-04 0.77 [0.65;0.88] 2.9E-27 399.3 V
B ADM conEpi 4 −1.62 [−2.33;-0.91] 2.6E-04 0.75 [0.63;0.87] 3.7E-27 401.6 VI
B ADM conYear 2 −0.95 [−1.65;-0.24] 9.7E-02 0.91 [0.79;1.03] 1.2E-28 406.7 VII
B ADM conYear 6 −2.40 [−3.20;-1.59] 2.0E-05 0.53 [0.42;0.64] 1.0E-14 433.2 VIII
B ADM conEpi 6 −3.74 [−4.43;-3.04] 3.2E-19 0.36 [0.26;0.45] 6.5E-10 449.3 IX
B ADM lNormEpi 6 −3.74 [−4.49;-2.99] 3.4E-15 0.35 [0.25;0.44] 1.4E-08 455.0 X
B NULL - - −6.52 [−6.67;-6.37] 0 - - - 479.0 XI
C ADM conEpi 0 1.36 [0.61;2.11] 8.5E-03 1.39 [1.26;1.53] 8.7E-49 386.5 I
C ADM conYear 2 1.63 [0.80;2.46] 3.0E-03 1.39 [1.25;1.54] 2.0E-48 387.1 I
C ADM conYear 0 1.35 [0.61;2.10] 9.4E-03 1.40 [1.26;1.54] 6.6E-49 388.0 II
C ADM conEpi 2 1.54 [0.68;2.40] 6.5E-03 1.36 [1.21;1.51] 1.1E-42 392.6 III
C ADM lNormEpi 0 1.23 [0.47;1.98] 1.8E-02 1.38 [1.24;1.52] 8.7E-45 395.2 IV
C ADM lNormEpi 2 1.34 [0.46;2.23] 1.9E-02 1.33 [1.18;1.48] 1.1E-39 403.3 V
C DISTANCE - - 0.36 [−0.35;1.07] 4.4E-01 1.13 [1.01;1.25] 9.1E-45 411.0 VI
C ADM conYear 4 0.36 [−0.58;1.29] 4.3E-01 1.08 [0.93;1.23] 1.3E-24 415.1 VII
C ADM conYear 6 −0.17 [−1.08;0.74] 5.2E-01 0.95 [0.81;1.09] 1.8E-23 416.4 VIII
C ADM lNormEpi 4 0.71 [−0.29;1.71] 2.7E-01 1.12 [0.96;1.28] 3.8E-21 418.6 IX
C ADM conEpi 6 −0.05 [−1.01;0.91] 5.6E-01 0.93 [0.79;1.07] 7.3E-25 420.9 X
C ADM conEpi 4 0.43 [−0.59;1.46] 4.1E-01 1.07 [0.91;1.23] 7.2E-23 422.6 XI
C ADM lNormEpi 6 −0.68 [−1.66;0.30] 2.6E-01 0.83 [0.69;0.97] 1.4E-21 439.3 XII
C NULL - - −6.95 [−7.11;-6.79] 0 - - - 512.8 XIII
*Italic p-values for β0 and β1 indicate p ≥ 0.05.
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(NULL and DISTANCE) and of an atmospheric disper-
sion model with varying emission profiles and threshold
wind speed. If all cases were uniformly distributed over
the outbreak area, the model with the spatially homoge-
neous concentration (NULL model) should have had the
best fit.
Instead, the DISTANCE model always performed better
than the NULL model, which is possibly due to clustering
of cases around the infected farms (a similar pattern was
observed in previous study [26]). In addition, the observed
incidence numbers correlated significantly better to the
concentrations of some ADM models in all areas (but
with small differences compared to the DISTANCE model
in one of the three areas), indicating that meteorological
conditions might have played a role during the Dutch Q
fever epidemic.
The best fitting ADM models all had a slope in
the log-linear fit (β1) approximately equal to 1 or
with the same order of magnitude. This might be an
indication for relatively low doses, as is supported by
C. burnetii measurements that were performed in
2009 [38].
In this study we applied a threshold wind speed for
emission for two reasons. First, turbulent movements
of the air are required to aerosolize the bacteria de-
posited on stable surfaces by dairy goats. Secondly,
introduction of a threshold wind speed caused the annu-
ally averaged concentrations to be direction dependent
(Figures S1-S3).
We conclude that, in general, the ADMs with a
threshold wind speed of 0 or 2 m/s performed best.
However, for aerosolization higher threshold wind
speeds are required generally [39], especially in case of
rough terrain such as a farm environment. We think
two physical explanations exist for the relatively better
performance of V0 and V2 profiles. Firstly, a sufficient
amount of bacteria may have been aerosolized in the
stable not only by the wind, but also by physical ac-
tivity within the stable (e.g., feeding operations and
movements of goats). Secondly, the surrounding en-
vironment of the goat stables may have been contami-
nated during the epidemic – given the high persistence
of C. burnetii in the environment [35] – and thus a lar-
ger surface source may have developed. Thus, cases
could have been infected from a wider range of wind
directions.
Additional file 8: Figure S4, Additional file 9: Figure
S5, Additional file 10: Figure S6, Additional file 11:
Figure S7, Additional file 12: Figure S8 and Additional
file 13: Figure S9 show the scatterplots of the predicted
versus observed incidence rates in the three areas;
Additional file 14: Figure S10, Additional file 15: Figure S11,
Additional file 16: Figure S12, Additional file 17: Figure S13,Additional file 18: Figure S14, Additional file 19: Figure
S15 and Additional file 2: Figure S16 show the geo-
graphical prediction plots. These plots make clear
that the statistical Q fever incidence prediction (in a
statistical sense) should be improved further. In general,
the data are rather scattered and not close to the 1×1
line. We think several causes may explain the moderate
predictability:
1) Lack of actual emission data, as a result
of which actual concentrations might have
deviated significantly from modelled
concentrations.
2) Timing of concentration values (linked to point
1). Since time-dependent emission curves were
unknown, we correlated observed incidence
rates to cumulative concentration values.
However, in reality, cases might have been
infected after exposure to a particular dose or
particular cumulative dose.
3) Presence of a contaminated environment. The
total Q fever epidemic in the Netherlands lasted
four years with seasonal outbreaks. Although we
specifically focused on 2009, infections also
occurred in other years in the selected areas.
Results from both bulk tank milk sampling [28]
and goat vaginal swab sampling [38,40,41]
indicated that the source farms had already
been positive in 2008. Indeed, the farm in
area B had already caused a human outbreak
in 2008 [19]. This may have resulted in an
already contaminated environment prior to
2009 [42,43], favoured by the relatively low
decay rate of C. burnetii [35]. A combination
of emission from infected farms as well as
emission from contaminated surrounding
environments could have resulted in the
clear absence of a (wind) direction dependent
incidence pattern in area B.
4) Complex human mobility patterns: the health
outcome of exposure to an infectious agent is
generally dependent on the type and virulence of the
pathogen, its concentration (or infectious dose), the
exposure (both frequency and duration) and the
immune status and general health status of the
susceptible host. In that perspective, actual exposure
is more difficult to assess in the case of humans
than in the case of animals, since humans are very
mobile. Although Dutch people spend approximately
70% of their time at home [44], it is very well
possible that cases might have been infected on
other locations than their own PC6, or non-cases
might have ‘missed’ out on days with high exposure
on their PC6. In this study we did not have
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this might be important for a better risk analysis
as a very small number of bacteria are able to
cause infection [45,46]. Nevertheless, since the
ADM correlation results were best for area C
and since the results in our previous
distance-based study showed much more
contrast in area C compared to the other
areas [26], we think that either the fraction
of infected persons in area C that were indeed
infected within their PC6 was higher than
in the other areas, or other sources of
C. burnetii were not present in this area
(or a combination of both).
5) Spatially heterogeneous awareness of Q fever among
the population, resulting in a bias in the observed
incidence.
6) Protective immunity from childhood [30] or
immunity caused by infections in 2007 or 2008. A
recent study confirmed that in humans with acute Q
fever the level of antibodies remains high for several
years [47].
7) Infection by other sources, either by a (small)
unknown source in the areas themselves, or by a
source in another part of the country.
Nevertheless, we showed that concentrations based on
meteorological conditions correlated better to observed
incidences than the NULL and DISTANCE based models,
despite the fact that (1) actual emission data was lacking
(thus simple emission profiles were useful), (2) the total
exposure time was quite long, and (3) probable transmis-
sion by a contaminated environment could have influ-
enced the observations.
We recommend repeating this study using similar data
sets, and to repeat it for outbreaks or releases with air-
borne transmission during a relatively short period. That
way, airborne pathogenic transmission to humans could
be separated easier from transmission from a contami-
nated surrounding environment. In addition, it would be
necessary to determine realistic emission strengths for
C. burnetii to calculate exposure levels and infection prob-
abilities using dose–response models [46].
To our knowledge this is the first study that attempts
to quantify applicability of an atmospheric dispersion
model for a pathogen outbreak considering human in-
fections during an outbreak. Our results indicated that
ADMs yield some promising results and that they can
be used for livestock related outbreaks although more
extensive validation work is needed, under different cir-
cumstances. This may make ADMs to serve as tools for
environmental planning purposes to visualize and pre-
dict the spread of microbes from farms and industries to
surrounding human populations.Additional files
Additional file 1: Text S1. Meteorological data processing.
Additional file 2: Figure S16. Interpolation maps (1). Measurements
and interpolated data of global radiation, relative humidity, temperature
and snow cover status for randomly selected hours in 2009.
Additional file 3: Figure S17. Interpolation maps (2). Measured and
interpolated wind speed and wind direction for a randomly selected
hour in 2009.
Additional file 4: Figure S18. Precipitation radar image. A semi-random
selected precipitation radar image with the converted precipitation intensity
at several locations in the Netherlands.
Additional file 5: Figure S1. Concentration maps (area A).
Log-transformed ADM concentration maps (relative to the maximum
concentration in the grid) with emission profiles conYear, conEpi, and
lNormEpi, and threshold wind speed profiles V0, V2, V4 and V6 (area A).
Additional file 6: Figure S2. Concentration maps (area B).
Log-transformed ADM concentration maps (relative to the maximum
concentration in the grid) with emission profiles conYear, conEpi, and
lNormEpi, and threshold wind speed profiles V0, V2, V4 and V6 (area B).
Additional file 7: Figure S3. Concentration maps (area C).
Log-transformed ADM concentration maps (relative to the maximum
concentration in the grid) with emission profiles conYear, conEpi, and
lNormEpi, and threshold wind speed profiles V0, V2, V4 and V6 (area C).
Additional file 8: Figure S4. Predicted versus observed incidence rates
(area A, 5 km). Area A, selection radius 5 km: Predicted (y) versus observed (x)
incidence rates per PC6 for the NULL, DISTANCE and ADM models. The solid
line displays the 1×1 curve. PC6’s with no observed cases are not included.
Additional file 9: Figure S5. Predicted versus observed incidence rates
(area B, 5 km). Area B, selection radius 5 km: Predicted (y) versus observed (x)
incidence rates per PC6 for the NULL, DISTANCE and ADM models. The solid
line displays the 1×1 curve. PC6’s with no observed cases are not included.
Additional file 10: Figure S6. Predicted versus observed incidence rates
(area C, 5 km). Area C, selection radius 5 km: Predicted (y) versus observed (x)
incidence rates per PC6 for the NULL, DISTANCE and ADM models. The solid
line displays the 1×1 curve. PC6’s with no observed cases are not included.
Additional file 11: Figure S7. Predicted versus observed incidence
rates (area A, 10 km). Area A, selection radius 10 km: Predicted (y) versus
observed (x) incidence rates per PC6 for the NULL, DISTANCE and ADM
models. The solid line displays the 1×1 curve. PC6’s with no observed
cases are not included.
Additional file 12: Figure S8. Predicted versus observed incidence
rates (area B, 10 km). Area B, selection radius 10 km: Predicted (y) versus
observed (x) incidence rates per PC6 for the NULL, DISTANCE and ADM
models. The solid line displays the 1×1 curve. PC6’s with no observed
cases are not included.
Additional file 13: Figure S9. Predicted versus observed incidence rates
(area C, 10 km). Area C, selection radius 10 km: Predicted (y) versus observed (x)
incidence rates per PC6 for the NULL, DISTANCE and ADM models. The solid
line displays the 1×1 curve. PC6’s with no observed cases are not included.
Additional file 14: Figure S10. Geographical observed and predicted
incidence map (area A, 5 km). Area A, selection radius 5 km: Geographical
observed and predicted incidence rates per 100,000 inhabitants
aggregated to a raster at the 250 m level (log10-scale). Grey pixels
represent incidence rates of 0.
Additional file 15: Figure S11. Geographical observed and predicted
incidence map (area B, 5 km). Area B, selection radius 5 km: Geographical
observed and predicted incidence rates per 100,000 inhabitants
aggregated to a raster at the 250 m level (log10-scale). Grey pixels
represent incidence rates of 0.
Additional file 16: Figure S12. Geographical observed and predicted
incidence map (area C, 5 km). Area C, selection radius 5 km: Geographical
observed and predicted incidence rates per 100,000 inhabitants
aggregated to a raster at the 250 m level (log10-scale). Grey pixels
represent incidence rates of 0.
van Leuken et al. International Journal of Health Geographics  (2015) 14:14 Page 13 of 14Additional file 17: Figure S13. Geographical observed and predicted
incidence map (area A, 10 km). Area A, selection radius 10 km:
Geographical observed and predicted incidence rates per 100,000
inhabitants aggregated to a raster at the 250 m level (log10-scale).
Grey pixels represent incidence rates of 0.
Additional file 18: Figure S14. Geographical observed and predicted
incidence map (area B, 10 km). Area B, selection radius 10 km:
Geographical observed and predicted incidence rates per 100,000
inhabitants aggregated to a raster at the 250 m level (log10-scale).
Grey pixels represent incidence rates of 0.
Additional file 19: Figure S15. Geographical observed and predicted
incidence map (area C, 10 km). Area C, selection radius 10 km:
Geographical observed and predicted incidence rates per 100,000
inhabitants aggregated to a raster at the 250 m level (log10-scale).
Grey pixels represent incidence rates of 0.
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
JVL, JVDK, FS, AH and AS contributed to the method. JVL and AS carried out
the analyses. JVL, JVDK, FS, WVDH, DH, AH, and AS wrote the manuscript.
All authors read and approved the final manuscript.
Acknowledgements
We thank Dr. Gert Jan Boender (Central Veterinary Institute, Wageningen
University and Research Centre, Wageningen, The Netherlands) for his input
on spatial kernel modelling. We also thank Dr. Piet Vellema (Animal Health
Service, Deventer, The Netherlands) for providing abortion data and bulk
tank milk data. We also thank Dr. R. Sluiter, Dr. A. Stepek and Dr. I. Wijnant
(Royal Netherlands Meteorological Institute, KNMI, De Bilt, The Netherlands)
for their helpful assistance on spatial interpolation of meteorological data.
This work was supported by the National Institute for Public Health and the
Environment [project S/210106/01/RQ] (www.rivm.nl) and ZonMW [project
205520010] (www.zonmw.nl). The funders had no role in study design, data
collection and analysis, decision to publish, or preparation of the manuscript.
Author details
1Institute for Risk Assessment Sciences (IRAS), Faculty of Veterinary Medicine,
Utrecht University, P.O. Box 80163, 3508, TD, Utrecht, The Netherlands.
2Centre for Infectious Disease Control (CIb), National Institute for Public
Health and the Environment (RIVM), P.O. Box 1, 3720, BA, Bilthoven, The
Netherlands. 3Environmental Safety (M&V), National Institute for Public Health
and the Environment (RIVM), P.O. Box 1, 3720, BA, Bilthoven, The
Netherlands. 4Emerging Pathogens Institute, University of Floriday,
Gainesville, Florida, USA.
Received: 19 December 2014 Accepted: 9 February 2015
References
1. Zhao Y, Aarnink AJA, De Jong MCM, Groot Koerkamp PWG. Airborne
microorganisms from livestock production systems and their relation to
dust. Crit Rev Environ Sci Technol. 2014;44:1071–128.
2. Jones AM, Harrison RM. The effects of meteorological factors on
atmospheric bioaerosol concentrations - a review. Sci Total Environ.
2004;326:151–80.
3. Donaldson AI, Gloster J, Harvey LDJ, Deans DH. Use of prediction models to
forecast and analyse airborne spread during the foot-and-mouth disease
outbreaks in Brittany, Jersey and the Isle of Wight in 1981. Vet Rec.
1982;110:53–7.
4. Maragon S, Facchin E, Moutou F, Massirio I, Vincenzi G, Davies G. The Italian
foot-and-mouth disease epidemic - epidemiological features of the four
outbreaks identified in Verona province (Veneto region). Vet Rec.
1993;1994(135):53–7.
5. Bouma A, Elbers ARW, Dekker A, de Koeijer A, Bartels C, Vellema P, et al.
The foot-and-mouth disease epidemic in The Netherlands in 2001. Prev Vet
Med. 2003;57:155–66.6. Gibbens JC, Sharpe CE, Wilesmith JW, Mansley LM, Michalopoulou E,
Ryan JB, et al. Descriptive epidemiology of the 2001 foot-and-mouth disease
epidemic in Great Britain: the first five months. Vet Rec. 2001;149:729–43.
7. Cottam EM, Wadsworth J, Shaw AE, Rowlands RJ, Goatley L, Maan S, et al.
Transmission pathways of foot-and-mouth disease virus in the United Kingdom
in 2007. PLoS Pathog. 2008;4:1–8.
8. Dupuis G, Petite J, Péter O, Vouilloz M. An important outbreak of human Q
fever in a Swiss Alpine Valley. Int J Epidemiol. 1987;16:282–7.
9. Hawker JI, Ayres JG, Blair I, Evans MR, Smith DL, Smith EG, et al. A large
outbreak of Q fever in the West Midlands: windborne spread into a
metropolitan area? Commun Dis public Heal. 1998;1:180–7.
10. Tissot-Dupont H, Torres S, Nezri M, Raoult D. Hyperendemic focus of Q fever
related to sheep and wind. Am J Epidemiol. 1999;150:67–74.
11. Gilsdorf A, Kroh C, Grimm S, Jensen E, Wagner-Wiening C, Alpers K. Large Q
fever outbreak due to sheep farming near residential areas, Germany, 2005.
Epidemiol Infect. 2008;136:1084–7.
12. Dijkstra F, Van der Hoek W, Wijers N, Schimmer B, Rietveld A, Wijkmans CJ,
et al. The 2007–2010 Q fever epidemic in The Netherlands: characteristics of
notified acute Q fever patients and the association with dairy goat farming.
FEMS Immunol Med Microbiol. 2012;64:3–12.
13. Nguyen TMN, Ilef D, Jarraud S, Rouil L, Campese C, Che D, et al. A
community-wide outbreak of Legionnaires disease linked to industrial
cooling towers — How far can contaminated aerosols spread? J Infect Dis.
2006;193:102–11.
14. Nygård K, Werner-Johansen Ø, Rønsen S, Caugant DA, Simonsen Ø,
Kanestrøm A, et al. An outbreak of legionnaires disease caused by
long-distance spread from an industrial air scrubber in Sarpsborg, Norway.
Clin Infect Dis. 2008;46:61–9.
15. Sonder GJ, Van den Hoek JA, Bovée LP, Aanhane FE, Worp J, Ry D, et al.
Changes in prevention and outbreak management of Legionnaires’ disease
in the Netherlands between two large outbreaks in 1999 and 2006.
Eurosurveillance. 2008;13:1–6.
16. Peiris JSM, De Jong MD, Guan Y. Avian influenza virus (H5N1): a threat to
human health. Clin Microbiol Rev. 2007;20:243–67.
17. Meselson M, Guillemin J, Hugh-Jones M, Langmuir A, Popova I, Shelokov A,
et al. The Sverdlovsk anthrax outbreak of 1979. Science (80- ).
1994;266:1202–8.
18. Van Asseldonk MAPM, Prins J, Bergevoet RHM. Economic assessment of Q
fever in the Netherlands. Prev Vet Med. 2013;112:27–34.
19. Schimmer B, Ter Schegget R, Wegdam M, Züchner L, De Bruin A,
Schneeberger PM, et al. The use of a geographic information system to
identify a dairy goat farm as the most likely source of an urban Q-fever
outbreak. BMC Infect Dis. 2010;10:1–7.
20. Wallensten A, Moore P, Webster H, Johnson C, Van der Burgt G, Pritchard G,
et al. Q fever outbreak in Cheltenham, United Kingdom, in 2007 and the
use of dispersion modelling to investigate the possibility of airborne spread.
Eurosurveillance. 2010;15:1–7.
21. Stellacci P, Liberti L, Notarnicola M, Haas CN. Hygienic sustainability of site
location of wastewater treatment plants. A case study. II. Estimating
airborne biological hazard. Desalination. 2010;253:106–11.
22. Dowd SE, Gerba CP, Pepper IL, Pillai SD. Bioaerosol transport modeling and
risk assessment in relation to biosolid placement. J Environ Qual.
2000;29:343–8.
23. Rubel F, Fuchs K. A decision-support system for real-time risk assessment of
airborne spread of the foot-and-mouth disease virus. Methods Inf Med.
2005;44:590–5.
24. Stuart AL, Wilkening DA. Degradation of biological weapons agents in the
environment: implications for terrorism response. Environ Sci Technol.
2005;39:2736–43.
25. Wein LM, Craft DL, Kaplan EH. Emergency response to an anthrax attack.
Proc Natl Acad Sci U S A. 2003;100:4346–51.
26. Van Leuken JPG, Havelaar AH, Van der Hoek W, Ladbury GAF, Hackert VH,
Swart AN. A model for the early identification of sources of airborne
pathogens in an outdoor environment. PLoS One. 2013;8:1–9.
27. Hackert VH, Van der Hoek W, Dukers-Muijrers N, De Bruin A, Al Dahouk S,
Neubauer H, et al. Q fever: single-point source outbreak with high attack
rates and massive numbers of undetected infections across an entire region.
Clin Infect Dis. 2012;55:1591–9.
28. Van den Brom R, Van Engelen E, Luttikholt S, Moll L, Van Maanen K, Vellema P.
Coxiella burnetii in bulk tank milk samples from dairy goat and dairy sheep
farms in The Netherlands in 2008. Vet Rec. 2012;170:310.
van Leuken et al. International Journal of Health Geographics  (2015) 14:14 Page 14 of 1429. Van den Brom R, Vellema P. Q fever outbreaks in small ruminants and
people in the Netherlands. Small Rumin Res. 2009;86:74–9.
30. Roest HIJ, Tilburg JJHC, Van der Hoek W, Vellema P, Van Zijderveld FG,
Klaassen CHW, et al. The Q fever epidemic in The Netherlands: history,
onset, response and reflection. Epidemiol Infect. 2011;139:1–12.
31. Van Jaarsveld JA. The Operational Priority Substances Model. Description
and Validation of OPS-Pro 4.1. Bilthoven, The Netherlands: National Institute
for Public Health and the Environment; 2004.
32. Van Jaarsveld JA, Klimov D. Modelling the impact of sea-salt particles
on the exceedances of daily PM10 air quality standards in the Netherlands.
Int J Environ Pollut. 2011;44:217–25.
33. Van der Swaluw E, Asman WAH, Van Jaarsveld H, Hoogerbrugge R. Wet
deposition of ammonium, nitrate and sulfate in the Netherlands over the
period 1992–2008. Atmos Environ. 2011;45:3819–26.
34. Sauter F, Swart A, Ter Schegget R, Hackert V, Van der Hoek W. Airborne
Dispersion of Q Fever. A Modelling Attempt with the OPS Model. Bilthoven,
The Netherlands: National Institute for Public Health and the Environment;
2011.
35. Angelakis E, Raoult D. Q Fever. Vet Microbiol. 2010;140:297–309.
36. Vose D. Risk Analysis - A Quantitative Guide. 3rd ed. West Sussex, UK: John
Wiley & Sons, Ltd; 2008.
37. Hastie T, Tibshirani R, Friedman J. The Elements of Statistical Learning.
2nd ed. New York, USA: Springer; 2009.
38. De Bruin A, Janse I, Koning M, De Heer L, Van der Plaats RQJ, Van Leuken
JPG, et al. Detection of Coxiella burnetii DNA in the environment during
and after a large Q fever epidemic in the Netherlands. J Appl Microbiol.
2013;114:1395–404.
39. Verkaik JW. Evaluation of two gustiness models for exposure correction
calculations. J Appl Meteorol. 2000;39:1613–26.
40. De Bruin A, De Groot A, De Heer L, Bok J, Wielinga PR, Hamans M, et al.
Detection of Coxiella burnetii in complex matrices by using multiplex
quantitative PCR during a major Q fever outbreak in The Netherlands.
Appl Environ Microbiol. 2011;77:6516–23.
41. De Bruin A, Van der Plaats RQJ, De Heer L, Paauwe R, Schimmer B,
Vellema P, et al. Detection of Coxiella burnetii DNA on small-ruminant farms
during a Q fever outbreak in the Netherlands. Appl Environ Microbiol.
2012;78:1652–7.
42. La Scola B, Raoult D. Survival of Coxiella burnetii within free-living amoeba
Acanthamoeba castellanii. Clininical Microbiol Infect. 2001;7:75–9.
43. Kersh GJ, Fitzpatrick KA, Self JS, Priestley RA, Kelly AJ, Lash RR, et al.
Presence and persistence of coxiella burnetii in the environments of goat
farms associated with a Q fever outbreak. Appl Environ Microbiol.
2013;79:1697–703.
44. Cloïn M, Kamphuis C, Schols M, Tiessen-Raaphorst A, Verbeek D. Nederland
in Een Dag; Tijdsbesteding in Nederland Vergeleken Met Die in Vijftien
Andere Europese Landen. The Hague, The Netherlands: Netherlands
Institute for Social Research; 2011.
45. Jones RM, Nicas M, Hubbard AE, Reingold AL. The infectious dose of
Coxiella burnetii (Q Fever). Appl Biosaf. 2006;11:32–41.
46. Brooke RJ, Kretzschmar MEE, Mutters NT, Teunis PF. Human dose response
relation for airborne exposure to Coxiella burnetii. BMC Infect Dis.
2013;13:488.
47. Wielders CCH, Boerman AW, Schimmer B, Van den Brom R, Notermans DW,
Van der Hoek W, et al. Persistent high IgG phase I antibody levels against
Coxiella burnetii among veterinarians compared to patients previously
diagnosed with acute Q fever after three years of follow-up. PLoS One.
2015;10:1–11.Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
